Abstract Spring onset has generally shifted earlier in China over the past several decades in response to the warming climate. However, future changes in spring onset and false springs, which will have profound effects on ecosystems, are still not well understood. Here, we used the extended form of the Spring Indices model (SI-x) to project changes in the first leaf and first bloom dates, and predicted false springs for the historical and future (2006-2100) periods based on the downscaled daily maximum/minimum temperatures under two emission scenarios from 21 General Circulation Models (GCMs) of the Coupled Model Intercomparison Project Phase 5 (CMIP5). On average, first leaf and first bloom in China were projected to occur 21 and 23 days earlier, respectively, by the end of the twenty-first century in the Representative Concentration Pathway (RCP) 8.5 scenario. Areas with greater earlier shifts in spring onset were in the warm temperate zone, as well as the north and middle subtropical zones of China. Early false spring risk increased rapidly in the warm temperate and north subtropical zones, while that declined in the cold temperate zone. Relative to early false spring risk, late false spring risk showed a common increase with smaller magnitude in the RCP 8.5 scenario but might cause greater damage to ecosystems because plants tend to become more vulnerable to the later occurrence of a freeze event. We conclude that future climate warming will continue to cause earlier occurrence of spring onset in general, but might counterintuitively increase plant damage risk in natural and agricultural systems of the warm temperate and subtropical China.
Introduction
Phenology is the study of periodic events in the life cycles of animals or plants in relation to environmental factors, especially temperature and precipitation (White et al. 1997; Cleland et al. 2007 ). Changes in phenology from year to year are simple and sensitive indicators of climate change impacts on ecosystems (Menzel and Fabian 1998; Cleland et al. 2007; Schwartz et al. 2013) . The spring onset indicator, which is among the first 14 indicators of climate change by the US Global Change and Research Program, reflects the accumulation of heat sufficient to initiate leafing and flowering in temperature-sensitive plants (www.globalchange.gov). With warming climate, spring onset is likely to occur earlier, which may increase the length of the growing season (Menzel and Fabian 1998; Chen et al. 2005; Piao et al. 2006) , and hence, vegetation productivity (Penuelas and Filella 2001; Tucker et al. 2001; Piao et al. 2007 ). On the other hand, the advance of spring onset can lead to negative impacts, such as increased risk of false springs and phenological mismatch between plant resources and animal species that depend on them (Penuelas and Filella 2001; Berteaux et al. 2004; Hua et al. 2016) . Global surface temperatures are projected to continue to increase in the twenty-first century (IPCC 2013) . Therefore, predicting future spring phenology is of great importance for dealing with several fundamental, as well as applied scientific questions, such as ecological modeling, biodiversity research, and biological conservation (Cleland et al. 2007) .
Researchers have paid more attention to phenological changes in the past few decades from global to local scales using species-level observations (Menzel and Fabian 1998; Dai et al. 2014; Ge et al. 2014; Ge et al. 2015b) , satellite data products (Piao et al. 2006; Cong et al. 2013; Wu and Liu 2013) , digital photography (Richardson et al. 2009; Liang et al. 2012) , and meteorological records (Schwartz and Chen 2002; Chen et al. 2005; Schwartz et al. 2013) . Although phenology at different spatial levels (e.g., individual, plot, pixel, and landscape) is driven by different processes (Liang and Schwartz 2009, Schwartz et al. 2014) , the general consensus is that spring events, such as leaf unfolding and first blooming, have been occurring earlier (Menzel and Fabian 1998; Schwartz et al. 2006; Ge et al. 2015b ). By contrast, few studies have focused on prediction of spring onset in the future. Extrapolated from spring warming models built on meteorological data and in situ phenological observation data of 20 plant species, the average first leaf date in China during the twenty-first century was predicted to advance at a rate of − 1.92 days per decade in the A2 scenario (similar to RCP 8.5) (Ge et al. 2015a) . Projections from unified forcing models, which were established in the deciduous broadleaf forests in northern China, suggest that the earlier shift in spring onset will be 11.8-20.0 days by the end of the twenty-first century (Luo et al. 2014 ). The differences in phenology models or input datasets to parameterize models often make comparisons among regions or countries difficult. Moreover, climate projections differ among the GCMs, and hence, phenological predictions using data from a single model might be biased. Therefore, utilizing a widely used and well-parameterized phenological model, combined with climate projections from multiple GCMs, is a good way of facilitating comparisons and reducing uncertainties.
The spring indices (SI) model and its extended form (SI-x) have been successfully used in earlier studies to model phenological variability and change through time across a wide range of spatial scales (Schwartz et al. 2006; Schwartz and Hanes 2010; Schwartz et al. 2013; Ault et al. 2015b ). The implementation of the SI-x model only requires daily minimum/ maximum temperatures as input, along with latitude, which often can be acquired from meteorological stations, gridded reanalysis data, and GCM projections (Schwartz et al. 2013; Allstadt et al. 2015; Ault et al. 2015a ). Although the model is designed to predict the first leaf and first bloom dates for only three species, it has been thoroughly tested with other species across different countries (e.g., Germany, Estonia, and the USA) and shows high consistency in these regions (Schwartz et al. 2006) . In particular, the SI-x model's applicability in China has been verified by comparing lilac phenology observed in China with model output (Schwartz and Chen 2002) . The model has also used for future projections in the USA (Allstadt et al. 2015) . Therefore, the SI-x model is an ideal option to predict future spring onset in China, given its applicability and comparability.
A false spring is a period of weather in late winter or early spring that is sufficiently mild for enough time to bring vegetation out of dormancy prematurely, thus rendering it vulnerable to a late frost (Gu et al. 2008; Ault et al. 2013) . The unpredictable frost can cause damage to plant tissues and decrease vegetation productivity in natural, as well as agricultural systems (Gu et al. 2008; Augspurger 2013) . False springs are often identified by hard freezes following spring onset but have been defined in different ways (Schwartz et al. 2006; Peterson and Abatzoglou 2014) . Some studies used the number of days between the first leaf or bloom date and the last frost event to indicate the potential for plant damage (Schwartz et al. 2006; Ge et al. 2014) . Others define a false spring as a binary event which indicates whether a frost event occurs after first leaf or first bloom (Peterson and Abatzoglou 2014) . Using the latter definition in the USA, false spring risk is projected to increase in the Great Plains and portions of the Midwest but remain constant and decreased elsewhere by the end of the twentyfirst century (Allstadt et al. 2015) . Estimates using the former definition suggest that false spring risk to woody plants in temperate China declined from the 1960s to the 2000s (Dai et al. 2013; Ge et al. 2014) . However, future changes in false springs in China during the twenty-first century are still unknown.
Our goal is to predict the changing patterns of spring onset and false springs in China in the twenty-first century and explore how these changes are different from those in the USA. To achieve this goal, (1) we used the SI-x model, with statistically downscaled climate projections as input, to project the first leaf and first bloom dates for historical and future periods (2006) (2007) (2008) (2009) (2010) , (2) characterized their shifts in the early (2006-2040), middle (2041-2070) , and late (2071-2100) periods of the twenty-first century, and (3) we also investigated the changes in false spring risk for the three future periods.
Data and methods

Data
We applied the NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset to predict spring onset. This dataset is comprised of downscaled climate projections for the globe that are derived from the GCMs conducted under the CMIP5 and across two of the four greenhouse gas emissions scenarios (Thrasher et al. 2012) . The NEX-GDDP dataset uses the Bias-Correction Spatial Disaggregation (BCSD) method to circumvent the limitations of original GCM projections, which are too coarse and locally biased (Maurer et al. 2008; Thrasher et al. 2012 ). This algorithm compares the GCM outputs with corresponding climate observations over a common period and uses information derived from the comparison to adjust future climate projections. These downscaled projections are consistent with historic climate records and accurately indicate daily temperature extremes (Maurer et al. 2008; Thrasher et al. 2012) .
We downloaded the NEX-GDDP dataset from the NASA Center for Climate Simulation (http://portal.nccs.nasa.gov/ datashare/NEXGDDP), which includes daily climate projections from 21 CMIP5 GCMs and two RCP scenarios (RCP 4.5 and RCP 8.5), for the period from 2006 to 2100, as well as the period from 1950 to 2005 (for each model), to represent the historical timeframe. In our research, we took into account both RCP scenarios, with RCP 8.5 representing very high greenhouse gas emissions, and RCP 4.5 indicating medium-low greenhouse gas emissions (IPCC 2013) . Here, we used the projections of daily maximum/minimum temperature at a spatial resolution of 0.25 × 0.25 degrees (~25 × 25 km), which results in a data archive size of about 7.5 TB.
Methods
We utilized the SI-x model to calculate spring onset as defined by the date of first leaf and first bloom (Schwartz et al. 2013 ). The original model (abbreviated SI-o) is designed to predict date of first leaf and first bloom of lilac (Syringa chinesis BRed Rothomagensis^) and two honeysuckle clones (Lonicera tatarica BArnold Red^and L. korolkowii BZabeli^) (Schwartz 1990) . It is effectively used to assess seasonally integrated temperatures occurring at climate-monitoring sites in a consistent way across regions (Schwartz 1998; Schwartz and Chen 2002; Schwartz et al. 2006 ) because the first leaf and first bloom dates of the considered species are highly correlated with those of many natural and agricultural plants, even in different regions (Schwartz et al. 2006; Allstadt et al. 2015) . Particularly, the applicability of the SI-o model has been verified in China by comparing lilac spring phenology observed in China and model outputs generated from daily maximumminimum temperatures of climate stations (Schwartz and Chen 2002) . Compared to the SI-o, the SI-x model expands their application domain spatially into the subtropics, while still retaining its utility and accuracy (Schwartz et al. 2013; Allstadt et al. 2015; Ault et al. 2015a; Ault et al. 2015b) .
Calculating the timing of the first leaf includes an equation which is built upon the linear relationship between the timing of first leaf for each of the three plants and variables associated with the photoperiod (determined by latitude and the day of the year), short-term growing degree hours (GDHs), and the season-long cumulative count of high-energy synoptic events (Ault et al. 2015b) . GDHs and the numbers of high-energy synoptic events are defined based on the daily minimum/ maximum temperatures and location (latitude) (Ault et al. 2015b) , which can be available from the NEX-GDDP dataset. We defined the date of first leaf as the average of first leaf dates for the three plants (Schwartz et al. 2013; Allstadt et al. 2015) . The calculations of the first bloom dates are based on the linear relationship between the first bloom date for each of the three plants and the number of days between the first leaf and first bloom, as well as the accumulated growing degree hours (AGDH) (Ault et al. 2015b) . Similarly, we used the average first bloom dates of the three plant species as our first bloom date.
We defined an early false spring event as the occurrence of a hard freeze (a daily minimum temperature below − 2.2°C), seven or more days after the date of first leaf, and a late false spring event as the occurrence of a hard freeze after bloom start (Peterson and Abatzoglou 2014; Allstadt et al. 2015) . We calculated the probability of early or late false spring as the percent of years where early or late false spring events occur compared to the total number of years in a given period. The later the hard freeze event occurs after plant growth begins, the more damage is likely to occur (Schwartz and Chen 2002; Marino et al. 2011; Peterson and Abatzoglou 2014; Allstadt et al. 2015) . Therefore, a late false spring event is likely to cause more damage to plant tissues than an early false spring.
With the NEX-GDDP daily minimum/maximum temperatures of 21 GCMs, we calculated the first leaf and first bloom dates across China for each year of the historical period and future period (2006-2100) in the two emission scenarios: RCP 4.5 and RCP 8.5. We based our calculations on the MATLAB documentation and code from Ault et al. (2015b) (https://github.com/cornell-eas/SI-X) and made a small modification following the research from Allstadt et al. (2015) . Regarding the spring indices of each year, we averaged the first leaf and first bloom dates of 21 GCM models. We characterized the shifts in spring onset by comparing the average first leaf and first bloom dates for the early (2005-2040), middle (2041-2070) , and late (2071-2100) periods of the twenty-first century to those of the historical period . Negative values indicate earlier shifts in spring onset and vice versa. Higher absolute values indicate a larger shift. For each pixel, we applied Welch's t test to test whether the change was statistically significant or not by comparing a spring onset time series for the historical time period to that of each of the future time periods (Allstadt et al. 2015) . Areas that were not statistically significant were masked. We characterized changes in false spring risk by comparing the probabilities of early and late false spring for each of the early, middle, and late periods of the twenty-first century with those for the historical period. Positive value represents an increase in false spring risk and vice versa. We summarized changes in spring onset and false spring risk by ten eco-geographic zones of China, which separate the combined conditions of temperature and humidity ( Fig. 1) (Wu et al. 2003) .
Accuracy assessment
For our accuracy assessment, we used measurements from the China Meteorological Data Network to evaluate the spring indices and false spring probabilities derived from the GCM outputs for the historical period . We examined daily maximum and minimum temperature records for each of 730 meteorological stations, using only data for years with complete records. For each station, we calculated the spring indices in the same way as described above but replaced the input GCM data with station-based daily temperatures. We made comparisons by calculating linear regression slope and correlation coefficient between GCM, data-based spring indices (the aggregated mean value of spring indices estimated from data of the 21 GCMs), and those based on measurements from meteorological stations. For an accuracy assessment of false spring risk, we chose the stations with complete daily temperature records for at least 40 years (1950 to 2005) , then calculated the false spring probability for each station. We then compared the correlation coefficients of the early false spring probabilities estimated from meteorological station data to predictions based on GCM outputs at the corresponding locations.
Results
Accuracy of spring indices and false springs
First leaf dates derived from the GCM outputs were highly consistent with those estimated from meteorological station observations, as indicated by the high correlation coefficient (R = 0.92) and linear slope close to one (Slope = 1.11) (Fig. 2a) . Similarly, first bloom dates derived from GCM outputs were highly correlated with those based on station observations (R = 0.91), with a linear regression slope close to one (Slope = 1.13) (Fig. 2b) . Early false spring probabilities estimated from GCM outputs significantly correlated with those based on station measurements (R = 0.66) (Fig. 3) . However, GCM outputs tended to underestimate false springs (Slope = 0.1; p < 0.05) because they focused on average trends, and actual seasonal extreme temperature events were rarely captured.
Spatial and temporal changes in first leaf date
Generally, the date of first leaf occurred earlier in southern China than northern China, and first leaf dates on the Qinghai-Tibetan Plateau were the latest (Fig. 4a) . In both RCP 4.5 and 8.5 scenarios, the date of first leaf had a generally advancing trend, and the magnitude increased over time (Figs. 4c-e and 5c-e). The changes in the date of first leaf differed with emission scenarios. First leaf date in the RCP 8.5 scenario was predicted to shift earlier in comparison with that in the RCP 4.5 scenario. In the RCP 8.5 scenario, areas where the date of first leaf was rapidly advancing were mainly distributed on the Qinghai-Tibetan Plateau and in the warm temperate and subtropical zones of eastern China.
Overall, first leaf date shifted earlier by 5.1 days in the early century, 9.9 days in the mid-century, and 12.2 days in the late twenty-first century in the RCP 4.5 scenario (Table 1) . By contrast, the date of first leaf shifted earlier by 5.8 days in the early century, 13.2 days in the mid-century, and 21.1 days in the late twenty-first century in the RCP 8.5 scenario. Relative to the historical period, the average first leaf date shifted at different rates among eco-geographic zones (Table 1) . For all zones, first leaf dates decreased through time in both scenarios, but the decreased magnitude in the RCP 8.5 scenario was larger than that under the RCP 4.5 scenario. In the RCP 8.5 scenario, the first leaf date in the Qinghai-Tibetan Plateau zone was projected to shift earlier with the largest magnitude of 34.1 days, followed by the north subtropical and warm temperate zones.
Spatial and temporal changes in first bloom
Similar to the date of first leaf, the date of first bloom also varied with latitude in eastern China, with the earliest occurrence in the south and the latest in the north (Fig. 4b ). The Tarim Basin had a relatively earlier first bloom date than its surrounding regions because temperatures were higher due to the unusual topography of the basin. The Qinghai-Tibetan Plateau zone had the latest first bloom. For a large area, the first bloom date was not identified between day-of-year (DOY) 1 and DOY 240. First bloom date occurred earlier over time in most part of China, but the rates differed spatially (Figs. 4f-h and 5f-h). The Qinghai-Tibetan Plateau and the middle portion of eastern China showed the most rapid advancing trend compared to other regions. In general, the earlier shifts in first bloom date in the RCP 8.5 scenario were larger than those in the RCP 4.5 scenario, especially in the late twenty-first century.
As a whole, first bloom date in China was projected to occur earlier by 5.7 days in the early century, 11.0 days in Fig. 2 Scatter plots of the dates of (a) first leaf and (b) first bloom comparing estimates based on GCM outputs and actual daily temperatures from 730 meteorological stations across China Fig. 3 Relationship between false spring probabilities based on GCM outputs and those calculated based on meteorological station measurements the mid-century, and 13.5 days earlier in the late twentyfirst century in the RCP 4.5 scenario (Table 2 ). In contrast, in the RCP 8.5 scenario, the average first bloom in China decreased by 6.4 days in the early century, 14.7 days in the mid-century, and 23.3 days in the late twenty-first century. For all eco-geographic zones, first bloom was projected to occur earlier over time, but the magnitude in the RCP 8.5 scenario was larger than that in the RCP 4.5 scenario. By the end of the twenty-first century, the largest shift in date of first bloom was in the 596 Int J Biometeorol (2019) 63:591-606 Fig. 4 Spatial patterns of the average date of (a) first leaf and (b) first bloom in China for the historical period 
Spatial and temporal changes in false springs
The probabilities of early false springs were less than 20% in eastern and northern China, except in the Qinghai-Tibetan Plateau and some areas in the far northeast of China, where probabilities were higher (Fig. 6a) . The probabilities of late false springs were less than 10% in most areas of China except the Qinghai-Tibetan Plateau. The probability of late false spring was not calculated on most of the Qinghai-Tibetan Plateau because the required first bloom dates were missing (Fig. 4b) . Changes in the probability of early false spring varied spatially over time, but the patterns of change were similar in the two emission scenarios (Figs. 6c-e and 7c-e). The Qinghai-Tibetan Plateau and the far northeast of China showed a reduced probability of early false spring, while the probabilities in the warm temperate and subtropical area of eastern China increased monotonically by the end of the twenty-first century. These increases were higher in the RCP 8.5 scenario compared to the RCP 4.5 scenario. Patterns of change in the probability of late false springs in the future were different between the RCP 4.5 and 8.5 scenarios (Figs. 6f-h and 7f-h). In the RCP8.5 scenario, the probability of late false spring increased in most of China (except the QinghaiTibetan Plateau and the far northeast), while increases in the RCP 4.5 scenario were far less widespread. As a whole, the average probability of early false spring was projected to decrease by 3.8 percentage points in the early century, 5.7 percentage points in the mid-century, and 6.4 percentage points by the end of the twenty-first century under the RCP 4.5 scenario (Table 3 ). In the RCP 8.5 scenario, the average probability of early false spring was predicted to decline, but with less magnitude than the RCP 4.5 scenario in the early and mid-century (2.2 and 5.6 percentage points, respectively), and greater magnitude by the end of the century (7.7 percentage points). The general trend over the whole study Int J Biometeorol (2019) 63:591-606 599 Fig. 6 Spatial patterns of the probability of (a) early and (b) late false springs in China for the historical period . Under the RCP 8.5 scenario, changing patterns of the probability of early false springs during the (c) early , (d) middle , and (e) late (2071-2100) periods of the twenty-first century, relative to the historical period. Shifting patterns for the probability of late false springs during the (f) early, (g) middle, and (h) late periods of the twenty-first century, relative to the historical period area masked the diverse regional trends, as indicated by the substantial differences in the average probability of early false spring between eco-geographic zones (Table 3 ). In the RCP 4.5 scenario, the average probability of early false spring in the cold temperate and Qinghai-Tibetan Plateau zones was projected to decrease most rapidly (by 27.0 and 15.7 600 Int J Biometeorol (2019) 63:591-606 Fig. 7 Spatial patterns of the probability of (a) early and (b) late false springs in China for the historical period . Under the RCP 4.5 scenario, changing patterns of the probability of early false springs during the (c) early (2006-2040), (d) middle (2041-2070) , and (e) late (2071-2100) periods of the twenty-first century, relative to the historical period. Changing patterns of the probability of late false springs during the (f) early, (g) middle, and (h) late periods of the twenty-first century, relative to the historical period percentage points, respectively) by the end of the twenty-first century. The average probability of early false spring was declined most rapidly in these two zones (by 34.2 and 21.0 percentage points, respectively) in the late twenty-first century in the RCP 8.5 scenario. The average probabilities of early false spring in the north subtropical and warm temperate zones increased by the largest magnitude (5.0 and 4.5 percentage points, respectively) by the end of the twenty-first century under the RCP 4.5 scenario, and even higher under the RCP 8.5 scenario (5.2 and 9.3 percentage points, respectively). As a whole, the average probability of late false springs in China was projected to decrease by 1.9 percentage points in the early century, 2.6 percentage points in the mid-century, and 2.8 percentage points in the late twenty-first century under the RCP 4.5 scenario (Table 4) . The overall decreasing rates were lower under the RCP 8.5 scenario, which declined by 1.2 percentage points in the early century, 2.3 percentage points in the mid-century, and 2.5 percentage points by the end of the twenty-first century. Changes in the probability of late false springs differed among eco-geographic zones (Table 4) . Under the RCP 4.5 scenario, the average probabilities on the Qinghai-Tibetan Plateau zone and in the cold temperate zone decreased most rapidly (by 11.9 and 11.2 percentage points, respectively), while the average probability of late false spring in the warm temperate and north subtropical zones increased slightly (by 0.1 percentage points). Under the RCP 8.5 scenario, the average probability of late false spring in the warm temperate and north subtropical zones increased by 0.8 percentage points by the end of the twenty-first century. Two more eco-geographic zones showed an increase in the average probabilities of late false springs in the RCP 8.5 scenario relative to the RCP 4.5 scenario.
Discussion
We analyzed the downscaled daily climate projections from 21 GCMs under two emission scenarios and calculated the yearly date of first leaf, first bloom, and false spring for the historical and future period (2006-2100). We developed the changing patterns which captured the shifts of those spring indices in the twenty-first century under different scenarios of climate change. We then identified the potential hotspots of change in spring onset and false spring risk across the eco-regions of China. We also compared the overall changes in spring onset between China and the USA, which could help us better understand the impacts of future climate change on both continents. Our research predicts earlier spring phenology, in general, in a clear and consistent way, which provides insight into the effect of future climate change on spring onset, and hence on future spatial distributions of species. Our research highlighted that areas with a larger reduction in the dates of first leaf occurred in the warm temperate zone, the north subtropical zone, and the northern portion of the middle subtropical zone. Predicting the date of first leaf requires short-term GDHs and the season-long cumulative count of high-energy synoptic events (Ault et al. 2015b ). Our results indicated that in the tropical and south subtropical zones, first leaf was determined mainly by the short-term GDHs (Fig. 8a) , while in the warm temperate, north and middle subtropical zones, the season-long cumulative count of high-energy synoptic events made strong influence (Fig. 8b) . Our research found the largest changes in first leaf in the Qinghai-Tibetan Plateau zone, which was attributable to an increasing influence of both predictors, especially the cumulative count of high-energy synoptic events (Fig. 8c, d) . The large changes in first leaf also occurred in the warm temperate and north subtropical zones, which corresponded to a great increase in the cumulative count of high-energy synoptic events (Fig. 8d) . In the tropical and south subtropical zones where spring onset was dominated by short-term GDH, first leaf did not occur much earlier with a dramatic increase in the short-term GDHs, because an apparent decrease in the cumulative count of high-energy synoptic events canceled out the influence of GDH (Fig. 8c, d) . First bloom was closely related to first leaf as indicated by the similar historical patterns and projected changes (Fig. 4) , partially because the determination of first bloom started with the date of first leaf. First bloom is triggered primarily by the AGDH since first leaf (see BMethods^section). Therefore, in areas where first leaf was strongly influenced by recent GDH (e.g., the tropical and south subtropical zones), the AGDH increased rapidly, and therefore, the duration between first leaf and first bloom was shorter (Figs. 8a and 9a) . By contrast, in areas where first leaf was primarily determined by the cumulative count of high-energy synoptic events, the time between first leaf and first bloom was longer, because first leaf was likely to occur at cooler temperatures with more high-energy synoptic events (Figs. 8b and 9a) . This was particularly evident in the middle subtropical zone (Fig. 9a) .
Both first leaf and first bloom dates were projected to occur earlier monotonically in the future relative to the average for the historical period. Our projections are consistent with the predicted trends in earlier studies in China (Luo et al. 2014; Ge et al. 2015a ) but differ slightly with respect to the changing rate. The discrepancies are likely caused by the difference in model structure and input climate projections. Our findings showed that the average earlier shifts in first leaf and first bloom date over China by the end of the twenty-first century in the RCP 8.5 were − 21.1 and − 23.3 days which were close to the future changes in spring onset in the USA (Allstadt et al. 2015) . Our projected earlier occurrence of spring onset is consistent with recent historical trends in China, but not everywhere. In temperate China, vegetation green-up date has advanced at a rate of 1.3 days per decade, on average, from 1982 to 2010 (Cong et al. 2013) , which is consistent with the average change in the RCP4.5 scenario (~1.3 days per decade), but less than that in the RCP8.5 scenario (~2.2 days per decade). First leaf date from species-level observations in China has occurred earlier, at a rate of 1.0 days per decade, between 1960 to 2009 , which is less than the overall rates in both scenarios. Changes in spring onset and the driving forces behind these changes are still unknown in the Qinghai-Tibetan Plateau zone (Yu et al. 2010; Zhang et al. 2013 ), but here, we project that the date of first leaf is decreasing most rapidly in this eco-geographic zone (2.0 days per decade in the RCP 4.5 scenario and 3.6 days per decade in the RCP 8.5 scenario).
We found similar patterns of spring indices in the early century under both RCP scenarios, but the earlier timing of first leaf and first bloom in the RCP 8.5 scenario is greater than that under the RCP 4.5 scenario by the end of the twenty-first century. This is closely related to climate projections of different emission scenarios. In the early century, projections show similar spatial patterns of climate change and of relatively small magnitude, whereas later in the century, these changes are substantially different between emission scenarios (e.g., RCP 4.5 and RCP 8.5) (IPCC 2013) . Regarding surface temperature, the increasing trend is likely to continue under both RCP4.5 and RCP 8.5 scenarios. Specifically, early in the twenty-first century, a minor increase relative to the average for the historical period is projected to be similar in both scenarios, but by the end of the twenty-first century temperatures are expected to increase far more under the RCP 8.5 scenario than the RCP 4.5 scenario (IPCC 2013).
Our research highlighted that warming climate caused a general earlier shift in spring onset, which might counterintuitively increase the risk of false springs. False springs are largely influenced by the timing of spring onset and the last spring freeze (Marino et al. 2011; Peterson and Abatzoglou 2014; Allstadt et al. 2015) . Relative to late false springs, early false springs occur more frequently throughout China, because the earlier occurrence of first leaf than first bloom date increases the probability of a hard freeze event. We found an apparent decrease in early false spring risk in the cold temperate zone. One reason for this trend could be that projected Fig. 9 a The number of days between first leaf and first bloom date for the historical period and b the change in the number of days by the end of the twenty-first century for the RCP8.5 scenario warming reduces the probability of freezing temperatures after the date of first leaf, given a relatively minor shift in spring onset (Schwartz and Chen 2002; Allstadt et al. 2015) . We projected an increase in early false springs in the warm temperate zone and the northern part of north subtropical zone. The earlier shift in first leaf in these areas was mainly attributable to the cumulative high-energy synoptic events rather than growing degree hours (Fig. 8b) . Therefore, the emergence of the first leaf is likely to occur at cooler temperatures with more high-energy synoptic events, resulting in an earlier shift of first leaf date than first bloom as indicated by the longer time between first leaf and first bloom (Fig. 9b) .
Shifts in spring onset, in general, have mixed impacts on specific species (Liang 2016) , depending on their ability to evolve and adapt to rapidly changing climatic conditions (Berteaux et al. 2004; Kuhlmann and Preben 2013) . Plant species could continue to reap benefits from earlier spring onset and the longer growing season (Chen et al. 2005; Piao et al. 2007; Dai et al. 2014 ) if they are distributed in areas with decreased false spring risk or can resist the risk of tissue damage from a false spring. On the other hand, the warming climate might increase the risk of false springs, as indicated by the increased probabilities of false springs in the warm temperate and north subtropical zones. That is to say, the expected earlier springs may induce premature plant development, resulting in the exposure of tender plant tissues to hard lateseason frosts, and the devastation of crops and natural vegetation (Gu et al. 2008; Marino et al. 2011; Peterson and Abatzoglou 2014) . Therefore, special attention should be paid to areas with the largest increase in false spring risk in the warm temperate and north subtropical zones, where land use is dominated by croplands (Liu et al. 2010 ). Moreover, changing plant phenology is likely to impact dependent animal species and re-order communities (Berteaux et al. 2004; Cleland et al. 2007; Kuhlmann and Preben 2013) . Widespread shifts in phenology have resulted in community-wide change in the temporal overlap between taxa across China (Hua et al. 2016) , and this change will continue by altering each taxa's span of temporal occurrence.
Although we make an effort to cancel out the effects of the simulated internal variability by averaging predicted spring indices across predictions from 21 models, there are still some limitations of our projections. The SI-x model is empirically designed to predict spring onset of lilac and two honeysuckle clones in the USA (Schwartz 1990) , and therefore, the spring indices are best used to track interannual variations in spring onset in general (Schwartz and Hanes 2010; Ault et al. 2015b ). It would be desirable in the future to populate the model with a Bricher^ecology of indicator species (Ault et al. 2015b) or design species-specific models (Allstadt et al. 2015) . The extension of spring indices into lower latitudes is achieved by removing the plant Bchilling^requirement (Schwartz et al. 2013) , and thus, the earlier occurrence in spring phenology might be overestimated due to the decrease in chilling days by warming winter temperatures (Zhang et al. 2007 ).
The spring indices allow an assessment of change in seasonally integrated temperatures that the aforementioned representative plant species will likely be responsive to (Schwartz et al. 2006) . SI-x assumes vegetation homogeneity, and therefore, the change in spring indices reflects climatic variability only. In different ecoregions, however, vegetation spring phenology might be influenced by different factors including preseason temperature, spring precipitation, winter chilling, large-scale circulation anomalies, and biotic factors (Ma and Zhou 2012; Ge et al. 2015a, b) . Preseason temperatures generally correlate with spring onset in most ecoregions and for most taxonomic groups (Ge et al. , 2015a Ma and Zhou 2012; Menzel and Fabian 1998) . In arid and semi-arid ecoregions where water is a limiting factor, precipitation is often significantly correlated with spring indices in grasslands and shrublands (Piao et al. 2006) . In warmer temperate regions, winter warming reduces the likelihood of temperatures meeting the chilling requirements of certain species and may lead to a later onset of spring events in some temperate ecoregions (Guo et al. 2015) . There is no agreement on which factors influence spring phenology on the Tibetan Plateau. Changes in spring phenology have been attributed to spring and winter warming, declining snow, grassland degradation, and freezing-thawing processes (Yu et al. 2010; Zhang et al. 2013 ).
Conclusions
We analyzed daily climate projections from 21 CMIP5 GCMs and projected the shifts in the date of first leaf, first bloom, and false springs in China during the twenty-first century. The average first leaf and first bloom date is projected to shift earlier by 21 and 23 days, respectively, by the end of the twenty-first century, which is close to future predictions in the contiguous USA (Allstadt et al. 2015) . Our research highlights that areas with increased early false spring risk are in the warm temperate and north subtropical zones of China, where land use is dominated by croplands. With future warming climate, spring onset will continue to shift earlier, which could increase the length of the growing season and vegetation productivity, but could also put natural and agricultural ecosystems at higher risk of false springs and could lead to crop failure and reduced productivity in natural systems. Our research provides insight into the effects of future climate change on ecosystem spring phenology, which is helpful for understanding and conserving biodiversity in the future. Given the extensive variation in spring onset and false springs between species, models could be further refined through developing detailed phenological models that are more speciesspecific and at finer scales.
